Background: Normal metabolism generates several volatile organic compounds (VOCs) that are excreted in the breath (e.g. alkanes). In patients with lung cancer, induction of high-risk cytochrome p450 genotypes may accelerate catabolism of these VOCs, so that their altered abundance in breath may provide biomarkers of lung cancer. Methods: VOCs in 1.0 L alveolar breath were analyzed in 193 subjects with primary lung cancer and 211 controls with a negative chest CT. Subjects were randomly assigned to a training set or to a prediction set in a 2:1 split. A fuzzy logic model of breath biomarkers of lung cancer was constructed in the training set and then tested in subjects in the prediction set by generating their typicality scores for lung cancer. Results: Mean typicality scores employing a 16 VOC model were significantly higher in lung cancer patients than in the control group (p < 0.0001 in all TNM stages). The model predicted primary lung cancer with 84.6% sensitivity, 80.0% specificity, and 0.88 area under curve (AUC) of the receiver operating characteristic (ROC) curve. Predictive accuracy was similar in TNM stages 1 through 4, and was not affected by current or former tobacco smoking. The predictive model achieved near-maximal performance with six breath VOCs, and was progressively degraded by random classifiers. Predictions with fuzzy logic were consistently superior to multilinear analysis. If applied to a population with 2% prevalence of lung cancer, a screening breath test would have a negative predictive value of 0.985 and a positive predictive value of 0.163 (true positive rate = 0.277, false positive rate = 0.029). 
Introduction
Primary carcinoma of the lung is the major cause of cancer death in the United States.
Patients who are diagnosed when the tumor is still confined to a primary site have the best prospects for survival: five years after diagnosis, fewer than 5% patients with stage 4 lung cancer are still alive, compared to 60-80% patients with stage 1 disease [1] . Researchers have therefore sought new ways to detect early-stage lung cancer, such as microanalysis of volatile organic compounds (VOCs) in the breath. This technology, pioneered by Linus Pauling in 1971 [2] , was reported to identify candidate biomarkers of lung cancer during the 1980s [3, 4] . Members of our group have previously reported abnormal patterns of breath VOCs in patients with early-stage primary lung cancer [5, 6] , as well as in other diseases, including heart transplant rejection [7] (approved for clinical use by the Food & Drug Administration), breast cancer [8] , unstable angina [9] , preeclampsia of pregnancy [10] , and diabetes mellitus [11] .
Our initial study of primary lung cancer empirically identified a set of 22 VOCs in breath as biomarkers of disease. A mathematical model employing these VOCs, principally alkanes, alkane derivatives and benzene derivatives, was sensitive and specific for primary lung cancer and equally accurate in early as well as in advanced disease [5] . Our second report incorporated incremental improvements in technique: we employed a rational set of breath markers of oxidative stress instead of the empirically identified VOCs, and a more sensitive analytical method that reduced breath collection time from 5.0 min to 2.0 min. That study confirmed the accuracy of breath testing for primary lung cancer: a model employing nine alkanes and methylated alkanes was sensitive, specific, and equally accurate in all TNM stages of disease [6] . The abundance of the breath biomarkers was significantly lower in patients with primary lung cancer than in normal controls, suggesting a biological mechanism: VOC products of oxidative stress may have undergone accelerated catabolism by cytochrome P450 mixed oxidases whose activity was induced during the pathogenesis of lung cancer [12] [13] [14] .
This report incorporates additional improvements in analytical methodology and experimental design. We enrolled a sufficient number of subjects to develop a model in one group and test its predictive power in a second group. Cancer-free controls were validated with negative chest CT imaging, and the selectivity of the analytical method was increased in order to identify a greater number of VOCs in breath. Also, we analyzed breath VOC data with fuzzy logic, an advanced technique of multivariate analysis. However, a disadvantage of improved analytical methodology was that breath VOC data obtained in previous studies could not be employed over again.
Multivariate analysis of several markers in combination can frequently predict disease with greater accuracy than a single marker employed alone. Fuzzy logic analysis of multiple markers is a powerful statistical method that has been successfully employed to predict a wide variety of disorders [15] , including breast cancer [16] , prostate cancer [17] , cardiac arrhythmias [18] , Tourette's syndrome [19] and suicide risk [20] . Fuzzy logic differs from conventional statistical methods of multivariate analysis because it employs ranges of values and their relationships to one another, instead of exact values. For example, when employed in breath testing, fuzzy logic might identify an abnormally high abundance of one breath VOC as a marker of disease, but only if it is observed in combination with an abnormally low value of another breath VOC. We report here a multi-center study that employed fuzzy logic analysis of volatile biomarkers in the breath in order to predict the presence or absence of primary lung cancer.
Methods

Study design
An overview is shown in Fig. 1 . Breath VOCs were analyzed in patients with untreated primary lung cancer and in controls with no evidence of cancer on spiral computed tomography (CT) of the chest. Subjects were randomly assigned to a training set in order to construct a fuzzy logic model of breath VOC markers of lung cancer, or to a prediction set where the model was tested as a predictor of disease. Fig. 1 . Design of the study. Candidates for the control group were recruited from a group of asymptomatic smokers aged >=60 yr, who underwent spiral CT of the chest in a study of primary screening for lung cancer. Only those with no detectable lesions on chest CT were included in the control group. Candidates for the primary lung cancer group were recruited from patients who had been referred for a tissue diagnosis because of a suspicious lesion on chest imaging. All donated a breath sample for analysis of volatile organic compounds (VOCs). Subjects were randomly selected from the control group and the primary lung cancer group in order to achieve an approximately 2:1 split between the training set and the prediction set. The fuzzy logic software constructed a predictive model for primary lung cancer employing the breath VOCs of subjects in the training set, and this predictive model was tested for its ability to predict the presence or absence of lung cancer in subjects in the prediction set.
Patient recruitment
The research was approved by the Institutional Review Boards of all collaborating institutions; all subjects gave their signed informed consent to participate.
Candidates for the primary lung cancer group were recruited from patients referred to a pulmonary or sur- In the training set, fuzzy functions were derived from the breath VOCs to construct two typicality matrices, one for controls and the other for primary lung cancer patients. These matrices generated two numerical values for each subject: T 1 , the typicality for no disease, and T 2 , the typicality for primary lung cancer. The value of T 2 -T 1 was employed as a predictor of primary lung cancer, and its accuracy is shown in the contour of the receiver operating characteristic (ROC) curve and its area under curve (AUC This figure shows the ROC curve obtained with a training set comprising n-1 subjects and the prediction set comprising one subject. The process is iterated n times to predict the outcome in all subjects. The ROC prediction set curve appears smoother than in the top right panel because it includes points for all subjects instead of one third. VOCs were restricted to the 16 shown in Table 2 . Bottom right panel. Prediction set leave-one-out.: This figure shows the mean typicality score of T 2 -T 1 in the prediction set stratified according to TNM stage of disease. There were no significant differences between the typicality scores of the patients with different TNM stages of lung cancer; the mean typicality score in the control group was significantly lower than in the lung cancer patients (p < 0.0001 in all TNM stages, analysis of variance and post hoc Newman-Keuls test). Table 2 Major VOC identifiers of primary lung cancer in breath. This table displays the breath VOCs identified as biomarkers of lung cancer by multilinear regression and fuzzy logic. VOCs are ranked according to their cumulative contribution to the AUC of the ROC curves in the training and prediction sets as shown in Fig. 4 , and are numbered in the same sequence. Multilinear regression required 11 VOCs in order to achieve a model with maximal performance, and fuzzy logic approached a maximal performance plateau with 16 VOCs no.
Chemical York University Medical Center (20), Columbia University Medical Center (11), and Danbury Hospital (4). All patients having resection of primary lung cancer had systematic mediastinal lymph node dissection or lymph node sampling. Admission to the primary lung cancer group was based on the reported histopathology of a patient's biopsy specimens. The pathologic stage of the disease was determined according to the International TNM (tumor, node, metastasis) staging system for lung cancer by examination of the pathological tumor specimen and resected lymph nodes.
Candidates for the control group were recruited from 213 asymptomatic smokers aged 60 and over who participated in the Early Lung Cancer Action Program (ELCAP) for primary detection of lung cancer [21] , and underwent spiral CT imaging of the chest at Columbia University Medical Center. Subjects were entered into the control group if imaging revealed no pulmonary lesion suggestive of cancer.
Post-operative patients: A subgroup of the primary lung cancer group (n = 80) had a second breath test following surgical resection of the tumor, and the predictions of the fuzzy logic model were tested.
Masking procedures
At all sites, tissue samples were interpreted by pathologists without knowledge of the breath test results. Analyses of breath VOCs were performed by RNC without knowledge of the pathological findings.
Breath collection and assay
The method has been previously described [22] . In summary, subjects breathed normally through the disposable mouthpiece of a portable breath collection apparatus for 2.0 min and the VOCs in 1.0 L alveolar breath and 1.0 L room air were captured onto separate sorbent traps. Light flap valves in the mouthpiece presented low resistance to respiration so that samples were collected without discomfort to patients, including the elderly. VOCs captured in the sorbent traps were analyzed in the laboratory by automated thermal desorption, gas chromatography and mass spectroscopy. The alveolar gradient of each VOC was determined as its abundance in breath minus its abundance in room air.
Statistical methods
Data analysis was performed by JG and PS. Subjects were randomly assigned to a training set or a prediction set in a ratio of approximately 2:1. Candidate breath VOC biomarkers of lung cancer (present in the breath of at least 200 subjects) were initially selected from the training set by comparing their abundance in the primary lung cancer and control groups with t-tests. VOCs exhibiting a significant difference between the two groups (p < 0.05) were then entered into multivariate analysis with fuzzy logic and with forward stepwise multi-linear regression. Table 3 Patients excluded from training set and prediction set: 45/238 primary lung cancer candidates were excluded from entry into model building in the training set or model testing in the prediction set ( Fig. 1) 
Fuzzy logic analysis of training set
Interrelation Miner (SystAim , Zürich, Switzerland) was employed. Fuzzy functions were constructed for the candidate breath VOCs in order to create one typicality matrix for controls and another typicality matrix for primary lung cancer patients.
Fuzzy logic analysis of prediction set
The typicality matrices were employed to generate two numerical values from the breath VOCs: T 1 , the typicality for no disease, and T 2 , the typicality for primary lung cancer. The value of T 2 -T 1 was employed as a predictor of primary lung cancer, and the accuracy of prediction was displayed in a receiver operating characteristic (ROC) curve. As an additional cross validation, the process was repeated in all subjects combined, employing a leave-one-out procedure. n-1 subjects were entered into a training set to construct the typicality matrices, and the outcome was predicted in the remaining one subject. The procedure was iterated n times, in order to predict the outcome in every subject.
Linear regression analysis
Data were also analyzed with forward stepwise multi-linear regression. A model was constructed with the same training set data, and evaluated in the same prediction set that was employed for fuzzy logic.
Random classifiers
Class labels (cancer and controls) were randomly reversed for VOCs in the training and prediction sets in order to determine the changes in predictive capabilities of fuzzy logic modeling of data.
Results
Human subjects
No subject reported any adverse effects of donating a breath sample. Characteristics of subjects in the primary lung cancer and control groups are shown in Table 1. There were no significant differences between the two groups in their mean age, sex distribution or pack-years of smoking history. Controls were excluded from analysis if CT imaging demonstrated a lesion consistent with cancer, and primary lung cancer candidates were excluded from analysis if another pathology (e.g. metastatic cancer) was demonstrated or if TNM staging information or other demographic data was not available (Table 3) .
Candidate biomarkers of lung cancer
35 candidate breath VOCs were identified in the training set data. Fuzzy logic selected 16 of these VOCs for inclusion in the typicality matrices, and multi-linear regression selected 11 of these VOCs and no others ( Table 2 ).
Prediction of lung cancer
Controls and primary lung cancer
The mean typicality scores were significantly higher in the lung cancer patients than in the control group (p < 0.0001 in all TNM stages, analysis of variance and post hoc Newman-Keuls test). Receiver operating characteristic (ROC) curves displaying the results of the breath test in the training set and prediction sets are shown in Fig. 2 . The breath test predicted primary lung cancer with 84.6% sensitivity and 80.0% specificity where the sum of sensitivity and specificity was maximal; the area under curve (AUC) of the ROC curve was 0.88. Figure 8 shows a histogram of the distribution of cancer patients and controls as a function of the typicality scores in the training set and prediction sets. Cross validation using all samples and employing a leave-one-out method was performed first with reselection of VOCs anew in every step. This model selected 22 VOCs and the predicted AUC of the ROC curve was 0.89, with 91.2% sensitivity and 73.5% specificity. Fig. 2 ) stratified according to TNM stage of lung cancer. Staging data was available for 168 patients. The arrow in each panel indicates the point on the ROC curve where the sum of sensitivity plus specificity was maximal. These ROC curves displayed similar accuracy of prediction in all TNM stages.
Different TNM stages of primary lung cancer
TNM staging data was available in 168/193 patients. The mean typicality scores stratified according to TNM stage are shown in Fig. 2 and the respective ROC curves are shown in Fig. 3 . There were no significant differences between the predicted mean typicality scores in TNM stages 1 through 4.
Post-operative patients
The predictive model was positive for primary lung cancer in 77/80 (96.3%) subjects following surgical resection of the tumor.
Primary lung cancer candidates excluded from training and prediction sets
The predictive model was positive for primary lung cancer in 45/45 (100%) subjects, including 31/45 subjects with primary or recurrent lung cancer and 14/45 patients with other pathologies (metastatic cancer, mesothelioma, or benign tumors). Figure 4 displays the AUC of the training and prediction ROC curves as a function of the number of VOCs in the model. AUC values increased as more breath VOCs were entered into the model, nearing a maximum with six VOCs before leveling to a plateau. AUC values were consistently higher with fuzzy logic than with linear regression analysis The maximal AUC of the prediction ROC curve was 0.88 with fuzzy logic (16 VOCs) and 0.78 with linear regression analysis (11 VOCs). Figure 5 displays the effect of randomly reversing the assignment of VOC data between the cancer and the control groups and the resulting progressive degradation of the fuzzy logic model with random classifiers. Table 1 demonstrates no significant difference between total exposure to tobacco products in controls and cancer patients as shown by pack-years of smoking history. Figure 6 displays the lack of effect of tobacco smoking on the accuracy of the predictive model. The AUC of the ROC curves in current smokers and in former smokers were similar to the results obtained in the prediction set for all subjects.
Effect of the number of VOCs on model performance
Effect of random classifiers
Effect of tobacco smoking
Effect of multiple random data splits
We employed the strategy of Michiels et al to evaluate the stability of the molecular signature of breath biomarkers of lung cancer by using 20 multiple random sets of unique training and prediction sets (Fig. 7) [23].
Discussion
The main finding of this study was that a combination of breath VOCs accurately predicted lung cancer. The accuracy of the breath test was comparable to screening chest CT. Sone et al reported a population screening study of 5483 subjects in which mobile lowdose spiral chest CT detected surgically confirmed lung cancer with 55% sensitivity and 95% specificity [24] . At the point on the prediction set ROC curve (Fig. 2) where the breath test detected lung cancer with 55% sensitivity, its specificity was 91%.
In addition, the breath test was equally sensitive and specific in early-stage lung cancer as in advanced metastatic disease, and the accuracy of the test was not affected by former or current tobacco smoking.
Despite differences in analytical methods and patient populations, the findings of this study were consistent with our previous reports of breath testing for lung cancer [5, 6] . The major breath biomarkers were mainly alkane derivatives in all studies. Also, the abundance of most of these VOCs was decreased in patients with lung cancer, and the predictive accuracy of the breath test was similar in all TNM stages of disease.
The results illustrated differences between the pathophysiology of tumor markers in serum compared to volatile biomarkers of lung cancer in the breath.
Molecular weight
Tumor markers in serum are generally macromolecules with a molecular weight of several kilodaltons [25, 26] ; in contrast, breath biomarkers of lung cancer observed in this study were small molecules with molecular weights less than 600.
Effect of tumor mass
Some serum tumor markers increase in abundance with the size of the tumor [27] . In contrast, the predictive value of breath biomarkers of lung cancer (i.e., their mean typicality scores) did not vary significantly with the TNM stage of disease. Since typicality scores were similar in localized as well as in metastatic disease, an elevated typicality score might possibly precede the appearance of a macroscopically detectable lesion.
Decreased vs. increased abundance
Unlike serum tumor markers, the abundance of most breath biomarkers of lung cancer was decreased rather than increased.
Effect of surgery
The concentration of a serum tumor marker is generally reduced by excision of the cancer, e.g., prostate specific antigen is reduced by ablation of the prostate [28] . However, the predictions of the breath test were unchanged in the majority of post-operative patients following thoracotomy and resection of the pulmonary lesions.
Taken together, these findings are consistent with the hypothesis that volatile markers of primary lung cancer in breath emanate from other tissues, and not from the tumor itself. We have previously proposed a pathophysiologic model that provides a rational basis for these observations [6] : Oxidative stress occurs in all tissues of the body and reactive oxygen species leak from the mitochondria, peroxidate polyunsaturated fatty acids in cell membranes, and generate volatile alkanes and methylated alkanes that are excreted in the breath [22, 29] . These VOCs are catabolized by highly inducible cytochrome P450 mixed oxidases [12] . Polycyclic aromatic hydrocarbons in tobacco smoke induce CYP1A1, CYP1A2 and possibly CYP2E1.The risk of lung cancer is increased in individuals who carry high-risk genotypes for CYP2E1 and CYP1A1. Cytochrome P450 activity is predominantly hepatic, though CYP1A1 is primarily an extrahepatic enzyme found in lung and placenta [13, 14] . We propose that induction of cytochrome P450 genotypes in high-risk individuals simultaneously increases the risk of lung cancer and accelerates catabolism of the volatile products of oxidative stress, thereby reducing their abundance in breath. This hypothesis is consistent with the unique features of breath tumor markers described above. Breath VOCs may possibly be altered before the appearance of macroscopically detectable lesions because induction of high risk cytochrome P450 phenotypes precedes the onset of neoplasia. Also, this hypothesis accounts for the lack of effect of surgical resection of lung lesions on breath biomarkers of lung cancer, because the enzymes responsible for accelerated catabolism of alkanes are located in tissues remote from the tumor. The predictive model was also positive for primary lung cancer in 45/45 primary lung cancer candidates excluded from training and prediction sets (Table 3 ). This finding was consistent with the majority of the diagnoses (29/45 primary lung cancer without TNM staging and 2/45 with a recurrent tumor). However, 14/45 patients were excluded because of conditions other than primary lung cancer (metastatic cancer, mesothelioma, and benign tumors) (Table 3) , demonstrating that the breath test may become positive in other conditions associated with abnormal chest imaging. This finding merits further evaluation in future studies. Multivariate analysis of breath VOC data was required to identify the biomarkers of lung cancer because induction of polymorphous cytochrome P450 enzymes affects the abundance of several different compounds. We compared different techniques of multivariate analysis including discriminant analysis, logistic regression, pattern recognition analysis, neural networks and fuzzy logic. All generated accurate predictive models of lung cancer, but results with fuzzy logic were consistently superior to multilinear analysis (Fig. 4) . This is consistent with a non-linear pathophysiologic process underlying the development of lung cancer e.g. the alteration in breath VOCs in lung cancer may have re- The AUC of the ROC curve degraded approximately 5% for every 10% of random classifier changes. When the classification was completely random (i.e. 50% of the classifiers were reversed), the AUC of the training set ROC was approximately 0.7, demonstrating that fuzzy logic overfitted the data by finding an apparent pattern within random data. However, this model had no predictive value because the AUC of the prediction set ROC fell to 0.5 (i.e. no better than random prediction). The addition of random classifiers progressively degraded the predictive model, which was consistent with the conclusion that the non-degraded 16 VOC model was an accurate predictor of lung cancer, and not the chance consequence of a fortuitous statistical model.
sulted from off-on switching of cytochrome P450 enzyme activity rather than a progressive continuum of increased activity. Fuzzy logic is a powerful problem-solving methodology that recognizes more than simple true and false values by allowing propositions to be represented with degrees of truthfulness and falsehood. For example, the statement, today is sunny, might be 100% true if there are no clouds, 80% true if there are a few clouds, and 0% true if it rains all day. Computer software employing fuzzy logic is employed widely in industry and increasingly in clinical medicine because it resembles human decision making with its ability to derive precise solutions from approximate data. Others have also employed fuzzy logic to detect lung cancer by combining the contributions of different tumor markers in serum [30] .
Typicality is a measure of how well a given set of measurements for one particular patient agrees with a list of predefined combinations of measurements in health or disease. Fuzzy logic was employed to construct a separate typicality matrix for controls and for patients with lung cancer. First, all of the alveolar gradients observed in a specific VOC were assigned into separate classes e.g. 1 to 5 according to their value (low = 1, high = 5), and the number of subjects in each class was counted. This process was repeated for all VOCs that were entered into the model. The resulting matrix is termed a typicality matrix because it reflects the typical distribution of alveolar gradients of a number of VOCs in a particular group of subjects. Each subject's breath test results were then evaluated in order to determine two values, T 1 and T 2 , which varied with how well their distribution of alveolar gradients accorded with the typicality matrix for controls and for lung cancer respectively. The higher the value of T 1 or T 2 in a particular subject, the more typical is the breath test result for the control group or for lung cancer respectively. Both T 1 and T 2 are always positive. If T 2 -T 1 is positive, then the subject is more likely to belong to the lung cancer group; conversely, if T 2 -T 1 is negative than the subject is more likely to belong to the control group. The value of T 2 -T 1 may be regarded as an index of the likelihood of lung cancer, and employed in the construction of an ROC curve. Fig. 6 . Effect of tobacco smoking on accuracy of the predictive model: The predictive model was evaluated separately in current smokers (upper panel) and in former smokers (lower panel). The AUC of both ROC curves was similar to the results obtained in the prediction set for all subjects (Fig. 2) , demonstrating that the accuracy of the predictive model was not skewed by current smoking or a history of smoking.
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In addition, the finding that the predictive accuracy of the breath test progressively declined with the introduction of random classifiers (Fig. 5 ) supports the conclusion that the fuzzy logic model accurately predicted lung cancer, and was not the chance consequence of a fortuitous statistical model. The similarity of the ROC curves with multiple random splits into training and prediction sets is consistent with a stable molecular signature of the breath biomarkers of lung cancer [23] .
The expected performance of a screening test de- pends not only on the performance of the test in diseased and non-diseased subjects, but also on the prevalence of primary lung cancer (1.7% to 2.7% in smokers aged over 50 yrs and 60 yrs respectively [31, 32] ). Performance is typically assessed by two statistics that describe the accuracy of the classification rule: the true positive rate (TPR) (sensitivity), and the false positive rate (FPR) (one minus specificity). Corresponding values of TPR and FPR may be selected from any point on the prediction set ROC curve shown in Fig. 2 . However, FPR relates to the potential harms of a test and TPR relates to its potential benefits, so the selected combination of FPR and TPR should ensure that benefits will probably outweigh harms in a future study. For mammography, reasonable target values have been cited as FPR = 0.01 and TPR = 0.80 [33] . We therefore selected a point on the prediction set ROC curve where the test exhibited near-maximal specificity (FPR = 0.029 and TPR = 0.277). Assuming a prevalence of 2% in N = 1000 smokers aged over 50 yrs, our proposed screening breath test would have a negative predictive value (NPV) of 0.985 and a positive predictive value (PPV) of 0.163. In practice, individuals with a negative breath test result (the majority of the screened population) could be reassured that their risk of primary lung cancer is low. Since the NPV of the breath test is high, this group would require no further testing with diagnostic radiation. This could potentially reduce the number of screening chest CT studies performed, thereby reducing the number of unnecessary invasive studies that follow false-positive findings on chest CT screening as currently practiced. Conversely, the low FPR of the test ensures that the health care system would not be overburdened with excessive numbers of false positive findings.
In the development of a new test for lung cancer, it is essential to control for the effects of potential confounding variables, because other disorders such as unstable angina [9] , breast cancer [8] and diabetes mellitus [11] have also been associated with abnormal breath VOCs. However, a comorbid disorder is unlikely to skew the predictive accuracy of the breath test for two reasons: First, if there are no significant differences between major demographic variables (e.g. age and tobacco smoking) in the disease group and the control group, then the a priori probability of an intercurrent disease is the same in both groups. This is an underlying principle of experimental design in randomized Typicality scores in cancer patients and controls. Fuzzy logic was employed to construct typicality matrices of selected breath VOC biomarkers of lung cancer in cancer patients and controls respectively. The abundance of each breath VOCs was entered into the typicality matrices in order to generate two numerical values: T 1 , the typicality for no disease, and T 2 , the typicality for primary lung cancer. This histogram demonstrates the distribution of the values of T 2 -T 1 in cancer patients and controls, in the training and prediction sets. The mean typicality scores in cancer patients and controls in the prediction set were significantly different (Fig. 2) .
clinical trials of new therapeutic interventions, as well as in the evaluation of new diagnostic tests. Second, multivariate modeling has revealed patterns of breath VOCs that are sufficiently distinctive to constitute a virtual "fingerprint" of a disease. Consequently, the pattern of altered breath VOCs in lung cancer is different from the pattern observed in other disorders such as unstable angina.
We conclude that an intrinsically safe and noninvasive test for breath VOCs combined with fuzzy logic analysis of data provided a rational and accurate predictor of primary lung cancer. A two-minute screening breath test in high risk individuals could potentially identify those with early-stage lung cancer who might benefit most from diagnostic imaging and therapeutic intervention. However, further research will be necessary to determine if detection of lung cancer with this test will be effective in reducing mortality.
